An accurate steatosis quantification with pathology tissue samples is of high clinical importance. However, such pathology measurement is manually made in most clinical practices, subject to severe reader variability due to large sampling bias and poor reproducibility. Although some computerized automated methods are developed to quantify the steatosis regions, they present limited analysis capacity for high resolution whole-slide microscopy images and accurate overlapped steatosis division. In this paper, we propose a method that extracts an individual whole tissue piece at high resolution with minimum background area by estimating tissue bounding box and rotation angle. This is followed by the segmentation and segregation of steatosis regions with high curvature point detection and an ellipse fitting quality assessment method. We validate our method with isolated and overlapped steatosis regions in liver tissue images of 11 patients. The experimental results suggest that our method is promising for enhanced support of steatosis quantization during the pathology review for liver disease treatment.
I. INTRODUCTION
An excessive accumulation of lipid in liver cells results in liver steatosis [1] . Among all possible causes of this disease, alcohol, obesity, and type II diabetes mellitus, are known as common factors that contribute to steatosis formation [2] . Steatosis is a defining feature of nonalcoholic fatty liver disease which may also include inflammation, hepatocyte ballooning and fibrosis and eventually cirrhosis [1] . Steatosis is assessed in a liver biopsy using a number of grading systems in order to determine the severity of involvement of the liver by fat. For example, the Brunt system has been used in a number of clinical studies to determine steatosis and steatohepatitis (NASH) severity, notably by the NASH Clinical Research Network (NASH CRN) [3] , [4] .
Quantification of the steatosis component is important in many clinical scenarios, especially in liver transplantation [5] . It has been unveiled that liver transplant recipients receiving livers rich in steatosis tend to have a higher rate of primary graft dysfunction and/or renal failure [6] . In practice, however, there is a lack of objective ways to measure steatosis degree, leading to a severe reader variability [7] . Although some computer based analysis methods have been developed, they cannot be deployed for clinical practice, as they cannot accommodate whole-slide image analysis and have worse analysis results when steatosis components are overlapped in large tissue areas [7] , [8] , [9] .
To address this problem, we propose a new image analysis method that can segregate clumped steatosis in pairs in whole-slide tissue histopathology images. The proposed method consists of whole tissue component extraction, steatosis detection, and overlapped steatosis component segregation. The paper is organized as follows. We discuss our algorithm in Section II. Experimental results are demonstrated in Section III. In Section IV, we conclude our paper.
II. METHODOLOGY
The developed algorithm for steatosis analysis consists of a sequence of steps. First, images containing whole tissue components are automatically detected and extracted from whole-slide microscopy images at highest resolution. To minimize the non-tissue areas, we transform the resulting images by rotation and interpolation. To reduce memory usage, we use two image resolutions. We detect tissue regions and estimate rotation angles at the low resolution, whereas we extract whole tissue components from whole-slide images at the high resolution. This is followed by the segregation of steatosis regions in each tissue piece by high curvature point detection and an ellipse fitting quality assessment method. Each step consists of a sequence of processing modules that are presented in details in the following space.
A. Tissue Extraction from Whole Slide Images
The first stage of our analysis focuses on extracting each complete tissue component with minimum background area at the highest image resolution, i.e. L = 0, where L is the image resolution level. In order to estimate the spatial bound of each whole tissue component, we call the OpenSlide API [10] and extract a whole-slide image representation at a lower image resolution (L = 4). One such image is demonstrated in Fig. 1 . Aiming at extracting each tissue component with minimum background area, we identify each tissue component mask by Otsu's thresholding [14] and compute the rotation angle using Principal Component Analysis (PCA) of the resulting single tissue mask [11] .
Each resulting image containing one whole tissue component at L = 4 is processed further to find the tissue boundary points at L = 4. A minimum bounding rectangle around each complete tissue component at L = 4 is fitted to specify the Region of Interest(ROI) in a whole-slide microscopy image. The bounding box of the ROI at L = 0 can be derived from the same at L = 4 by the following transformation:
where (x, y) T and (x , y ) T are pixel coordinates in the whole-slide image at L = 4 and L = 0, respectively. Similarly, the tissue boundary points at L = 0 can be derived from those at L = 4 by the same mapping. In this way, we can readily extract only the tissue ROIs at L = 0 from a raw whole-slide microscopy image. Let us denote (x,ŷ) T as the local pixel coordinates with respect to the extracted tissue image at L = 0, and (x , y ) T as the global coordinates for the whole-slide image at L = 0. The tissue boundary pixels in local coordinate system (x,ŷ) T can be obtained from the global coordinates (x , y ) T by the following transformation:
where (x c , y c ) T is the center of the mapped bounding box at L = 0 in the global coordinate system; W and H are the width and height of the bounding box around the tissue ROIs at L = 0. Next, we aim to generate the rotated tissue at L = 0 so that the resulting image contains minimum background area. We denote the width and height of the bounding box of the rotated tissue image at L = 0 as W and H, respectively. To find W and H, we compute the center of the extracted tissue image (x c ,ŷ c ) T with respect to the local coordinate system. We compute (x c ,ŷ c ) T by subtracting the top left coordinate (x s , y s ) T from the center (x c , y c ) T of the mapped bounding box at L = 0 in the global coordinate system as shown in Fig. 1 . Since the rotation angle at different image resolutions (i.e. L = 4 and L = 0) remains same, we know the equations of lines in parallel to major and minor principal component vectors that pass through the center (x c ,ŷ c ) T at L = 0. In this way, we can detect tissue boundary point pairs (P 1 , P 2 ) and (P3, P4) that are on these two lines, as depicted in Fig. 1 . The resulting distances between the tissue boundary point pairs (P1, P2) and (P3, P4) on lines in parallel to major and minor principal component vectors are width W and height H of the bounding box of the rotated tissue at L = 0. From the estimated width and height, we create a mesh grid of size W × H representing the bounding box of the rotated tissue image at L = 0.
Let us denote (x,ỹ) T as the coordinate system for the rotated tissue image at L = 0. With the following transformation, we map each pixel (x,ỹ) T in the rotated tissue image at L = 0 to a corresponding pixel (x,ŷ) T in the non-rotated tissue image at L = 0:
where R is a rotation matrix with rotational angle found by Principal Component Analysis (PCA) of the single tissue mask at L = 4. If the mapped pixel (x,ŷ) T is outbound of the nonrotated tissue image domain, the corresponding pixel (x,ỹ) T is assigned a user defined color value. For any pixel (x,ỹ) T that is mapped within the non-rotated tissue image domain, we interpolate [18] its color value with the color information of the neighboring pixels in the non-rotated tissue image. The resulting interpolated image after this process contains a rotated complete tissue with minimum non-tissue region at L = 0. Such images are further processed for steatosis identification and segregation.
B. Quantification of Steatosis Components
The rotated tissues at L = 0 are analyzed further to identify steatosis regions. We notice that the steatosis components are present in varying shapes within a single tissue part. Individual steatosis components are mostly circular in shape whereas the clumped steatosis regions have irregular shapes due to multiple steatosis overlap. Additionally, we notice that some non-steatosis regions present similar intensities to isolated and overlapped steatosis instances, making it challenging to detect true steatosis regions accurately.
To address this problem, we first convert each rotated tissue image to gray scale and enhance its contrast with adaptive histogram equalization [13] method. Next, we use the hysteresis thresholding to binarize the gray scale image with low and high threshold values as 0.65 and 0.8, respectively [15] . For the remaining tissue regions, we use morphological operations to smooth the boundary of steatosis components and to remove small objects that are too small to be steatosis in the post-processing step.
As most steatosis regions are circular in shape, we compute the inverse of Circularity for each connected component within a tissue as: C −1 = P 2 /(4πA) where, C, A and P are the circularity, area size, and perimeter length of a steatosis candidate, respectively. The non-steatosis regions with inverse Circularity value (> 3) are mostly non-circular in shape and are removed from the detected steatosis candidate set. In the remaining set, there is still a large number of overlapped steatosis regions with irregular contours, making it difficult to segregate individual steatosis regions. Thus, we need to differentiate individual steatosis instances with regular shape and no touching neighbors from those candidates with irregular shape due to overlapped steatosis. We classify these two classes of instances by the Solidity measure derived from each connected component. Solidity is computed as the ratio of Area to Convex Area, representing the proportion of pixels in a steatosis region as compared to those in its convex hull. Those candidates with strong Solidity measure (> 0.95) are detected as single steatosis component with no overlapping neighbors. By contrast, the resulting candidates with Solidity measure below 0.95 can be either non-steatosis components or overlapped steatosis instances. Therefore, we next measure the Extent property computed as the ratio of the number of pixels in the candidate region to that in the bounding box. We remove those with Extent value < 0.5, as they represent nonsteatosis objects. The remaining instances with strong Extent measure (>= 0.5) are considered as overlapped steatosis.
In our study, we notice that it is necessary to consider all these properties of steatosis candidate regions (i.e. Circularity, Solidity and Extent) to identify the single non-touching and the overlapped steatosis instances accurately. Dropping any one of these properties results in loss of a large number of overlapped steatosis regions, leading to erroneous steatosis quantification results. To segregate such clumped steatosis regions, we propose a methodology to produce the dividing borders by an ellipse fitting assessment procedure.
C. Segregation of Overlapped Steatosis regions
As the vast majority of steatosis overlapped regions invovle only two steatosis components, we aim to address the two steatosis overlapping problem specifically. We illustrate the segregation analysis process in Fig. 2 .
For each overlapped steatosis region, we identify high curvature points by κ = x y −y x (x 2 +y 2 ) 3/2 , where x and y are coordinates of the steatosis boundary points [16] . For a long concave contour segment, we merge adjacent curvature points to one aggregated point representation. For each curvature point p i in a detected high curvature point set P = {p i |i = 1, 2, · · · , N}, it is joined by a straight line with every other point p j for division assessment. For each such candidate line, the overlapped steatosis component is partitioned into two sub-regions. We assess the partitioning quality by fitting an ellipse [17] to each sub-region. The formulated fitting quality measure F(i, j) is defined as the ratio of the area intersected by the fitting ellipse and the steatosis sub-region to their union area. With such F(i, j) defined, we connect such (p i , p j ) ∈ P with a dividing line when the resulting F(i, j) of the two fitting sub-regions is sufficiently strong (> 0.7) and maximum of all F(i, j) measures associated with all possible pairs of points from set P. If the best fitting quality F(i, j) is not strong enough, the associated candidate region is considered as non-separable. 
III. EXPERIMENTAL RESULTS
Our dataset consists of whole slide pathology microscopy images of human liver biopsies. All histologic tissue slides are stained with hematoxylin and eosin before they are scanned and converted to whole-slide digital images. The resolution of resulting whole-slide microscopy images are overwhelmingly large (30, 000 × 20, 000 pixels on average).
We demonstrate a typical whole-slide image containing multiple tissue pieces at an intermediate resolution L = 4 in Fig. 3(a) . Each complete tissue component is analyzed independently. In Fig. 3(b) -(e), we present a detected tissue mask at L = 4 with Otsu's thresholding, the corresponding tissue bounding box at L = 4, the extracted whole tissue image at L = 0, and finally the rotated tissue image with minimum background area at L = 0, respectively.
Due to the overwhelmingly large image resolution, it is challenging to extract the whole tissue piece from wholeslide microscopy images at a high resolution. Most existing studies partition whole-slide microscopy images into patches and execute the analysis on each patch separately. As a result, steatosis components on the borders of such patch can be erroneously analyzed. To overcome this shortcoming, our method extracts whole tissue image at the highest resolution with minimum background area. With such extracted images, we are able to identify steatosis regions more accurately without having to analyze steatosis on patch borders.
For the validation purpose, we test our method with liver whole slide microscopy images of 11 patients. In general, there are thousands of Isolated Steatosis (IS) regions detected from each whole-slide image, as depicted in Fig. 4 . By contrast, we observe a large variation in number of Overlapped Steatosis (OS) regions among these slides.
In our test, we analyze tissue pieces with (1) abundant, (2) few, and (2) absent overlapped steatosis regions. Due to the overwhelmingly large number of steatosis regions, we randomly select 100 validation instances from isolated and another 100 from overlapped steatosis result sets for each whole slide image, respectively. When the number of overlapped steatosis regions from a slide is less than 100, we include them all for validation. We present the quantitative evaluation results and the total number (round off value to hundreds) of detected instances of isolated and overlapped steatosis cases in Table I . In addition, we present a panel of representative steatosis segregation results in Fig. 5 . With our dataset, the current parameter settings result in robust steatosis segmentation. Almost all isolated steatosis instances in the validation dataset are correctly segmented for all patients. Although our segregation method fails in some cases, the overall segregation performance is satisfying. Of those problematic instances, we find that they are either clumped cases with more than two steatosis components or over-segmented steatosis regions. In future, we will improve this method to accommodate more than two overlapped steatosis components. IV. CONCLUSIONS In this paper, we propose a new image analysis method to segregate clumped steatosis components in whole-slide liver 
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